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METHODS AND SYSTEMS FOR PLANT 
PERFORMANCE ANALYSIS 

This application claims priority to provisional patent 
application Serial No. 60/159,802 filed Oct. 15, 1999 
entitled, “SYSTEM FOR PLANT PERFORMANCE 
ANALYSIS. The entire text of the above-referenced dis 
closure is specifically incorporated by reference herein with 
out disclaimer. 

BACKGROUND OF THE INVENTION 

1. Field of the Invention 
The present invention relates to a process of assessing the 

performance of crop varieties based on wide-area perfor 
mance testing data. A process of the present invention 
compares varietal performance using Spatial estimation and 
Spatial prediction based on a Statistical mixed effects model. 

2. Description of Related Art 
In the development of a new crop variety, performance 

data are collected on the variety and on other competing 
varieties. These performance data include measurements on 
various agronomic traits relevant to the given crop; e.g., for 
Zea mayS, measurements taken on grain yield, grain 
moisture, and plant lodging. 

In assessing the potential commercial value of a new crop 
variety (hereafter referred to as “variety'), its agronomic 
performance is compared to the agronomic performance of 
other varieties. The other comparison varieties include com 
mercial and pre-commercial varieties from the company 
developing the variety and commercial varieties from com 
petitor companies. Note that this same type of assessment is 
also performed on existing commercial varieties, to deter 
mine if they should remain on the market or be replaced by 
newer varieties in development. 
Agronomic performance data for the new variety and for 

the comparison varieties come from multiple testing loca 
tions. The testing locations are usually widely distributed 
over the area of adaptation of the varieties included in the 
test. The area of adaptation covered by these testing loca 
tions is typically quite large, on the Scale of hundreds of 
Square miles. For example, a new Zea mayS cultivar may be 
tested from western Iowa to eastern Michigan and from 
central Wisconsin to Southern Illinois. 
Due to variation in testing programs, the data for a given 

variety and its competitors tend to be quite unbalanced in 
the Sense that not all of the given set of varieties appear at 
all testing locations. Considering the testing data for a single 
pair of varieties, i.e., the new variety and a single competitor, 
Some of the testing locations will have both of the varieties, 
while the rest will have only one of the two varieties. 

These performance data are analyzed in order to deter 
mine the geographic regions over which the new variety has 
large enough performance advantages relative to the com 
parison varieties to justify its introduction to the market in 
those regions. Ideally, the variety under consideration will 
have a significant performance advantage relative to all of 
the comparison varieties over its entire area of testing. 
However, in Some cases a variety may have performance 
advantages only on a regional basis, but it could still Serve 
a significant market need within that region. Thus, it is 
important to characterize the performance of the given 
variety relative to other comparison varieties not only over 
the entire area where it was tested, but also within the 
various regions. 

The variations in relative performance (performance 
difference) of two varieties in different geographic locations 
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2 
or regions arise from what is referred to as 'genotype by 
environment interaction (Sprague & Eberhart, 1976). Geno 
type by environment interaction is caused by differential 
responses of varieties to environmental conditions. These 
environmental conditions may include, for example, day 
length, temperature, Soil moisture, disease and insect pres 
Sure. Note that the term “environments can refer to different 
locations in a given year or different years for a given 
location or Some combination of locations and years. 
Methods involving traditional Statistical analyses for vari 

etal performance assessment are described in Bradley, et al 
(1988). These traditional methods are usually based on 
“location-matched” data, i.e., for a given variety relative to 
a comparison variety, data from only the testing locations 
where both varieties co-occur are used in the analysis. A 
paired t-test is used to test the hypothesis of no difference in 
performance of the two varieties. Moreover, for inferences 
regarding relative performance in a given geographic region, 
data from the testing locations only within that region are 
used in the analysis. 

Traditional analysis using the t-test for location-matched 
data is inefficient for at least five reasons. First, it does not 
use all of the data; it only uses data from testing locations 
where both of the varieties co-occur. Second, for regional 
performance comparisons, it does not use data from nearby 
areas outside the region of interest. Third, it does not make 
use of covariates related to the performance trait of interest 
(e.g., irrigation or Soil series) to help explain and predict the 
differences. Fourth, it only uses within-year data in the 
analysis model; more robust inferences can be accomplished 
by having a model that uses data from multiple years. Fifth, 
it is based on an incorrect assumption that the observations 
from one testing location are independent of those from 
other locations. 

There are two broad reasons why the inefficiencies, listed 
above, are limitations in wide-area crop assessment. First is 
efficient use of the data. It is natural for the experimenter to 
want to use all of the data when making inferences. In the 
present Scenario, this includes data on a variety at a location 
where the other variety does not occur, it includes data from 
areas that are in proximity to the region of interest, it 
includes data on covariates, and it includes data acroSS years. 
Statistical methods should strive to make full use of all 
available information. The second reason that the traditional 
analysis is limited is that it is based on the classical assump 
tion that data are independent Varietal performance data 
almost invariably violate the assumption of independence 
and render the Statistical inference invalid, typically causing 
one to infer that the variety differences exist when the data 
do not really justify it. 

Review of Current Literature 

A brief review of current literature also highlights under 
lying deficiencies in the art, which the present invention 
strives to Solve. 

One of the most relevant papers and probably the most 
noteworthy work in the area of application of Spatial Statis 
tics to field plot experiment is by Zimmerman and Harville 
(1991), where the authors have introduced the so-called 
random field linear model (RFLM) by considering the 
observations as realization of a random field. In this model 
the trend is modeled by a mean Structure and the Small Scale 
dependence is modeled through spatial autocorrelation 
Structures. The parameter estimation is done through a 
likelihood approach. Through real data analysis, the authors 
have tried to demonstrate the Superiority of their model over 
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nearest neighbor analysis (NNA) approach. Note that their 
Study is exclusively in the context of Small area estimation 
where the range of Spatial dependence is confined to a 
testing location. 

Another noteworthy paper in the context of the use of 
covariate in Spatial prediction is by Gotway and Hartford 
(1996), where the authors have presented the use of auxiliary 
or Secondary variable(s) in spatial prediction by applying 
cokriging to predict Soil nitrate level with data on grain yield 
as a covariate. Through an application of their method to 
data from a test site, they have demonstrated the benefit of 
their method over the more traditional external drift method. 
Again the Scope of their study is limited to intra-Site pre 
diction. 

One of the recent papers that deal with multi-location 
yield trials is by Cullis et.al. (1998). In this paper the authors 
have proposed a method for Spatial analysis for multi 
environment early generation variety trials. The method uses 
best linear unbiased prediction (BLUP) for genotype effect 
and genotype by environment interaction effect and REML 
for the Spatial parameters and variance components. 
However, the proposed method is based on Separately mod 
eling the covariance Structure for each trial, i.e., no acroSS 
trial correlation is taken into consideration. 

Yost, Uehara and Fox (1982a and 1982b) were one of the 
first researchers in agricultural Sciences to publish in the area 
of application of geostatistics to Soil chemistry over large 
land area. In two consecutive publications they reported 
results of Studies on Spatial prediction of Soil chemistry 
across the island of Hawaii. However, their study was 
limited to kriging only and did not consider any aspect of 
cokriging. Moreover, no other type of variables other than 
Selected Soil chemistry variables were used in their Studies. 
Another similar but relatively more recent work in the area 
of Soil Science that is worth-mentioning is by Ovalles and 
Collins (1988). The authors used universal kriging to study 
Spatial variation of Selected Soil properties in the entire 
northwest Florida covering an approximate area of 380 km 
by 100km with a reported auto-correlation range of approxi 
mately 40 km. No attempt of any Spatial estimation or 
cokriging was done in their study. 
One of the papers that deal with Spatial prediction of crop 

yield is by Bhatti, Mulla and Frazier (1991). The authors 
used an experimental field with approximate dimension of 
655 meters by 366 meters to study wheat yield along with 
Soil organic matter and Soil phosphorus content. Kriging and 
cokriging were used to predict yield. However, the Study 
was limited to a Single experimental field, and therefore it 
did not contain any aspect of modeling of large Scale trend 
that usually exists in wide-area testing. Another paper in the 
area of Spatial analysis of crop yield is by Brownie, 
Bowman, and Burton (1993). In this paper, the authors have 
compared three alternative spatial methods: trend analysis, 
nearest neighbor Papadakis analysis, and correlated error 
analysis to study spatial variation in yield data on corn (Zea 
mays) and Soybean (Glycine max). AS in the case of other 
existing Studies on crop yield, their study is also intra-site, 
i.e., it does not consider Spatial correlation acroSS experi 
mental Sites. In fact, the authors, as a concluding remark in 
their paper, have noted that no across-sites Spatial analysis, 
where data from multiple locations are combined for 
analysis, exists in the literature with respect to data on crop 
yield. 

Other paperS related to Spatial analysis of crop yield also 
exist in the literature. Bhatti, Mulla, Kooehler and Gurmani 
(1991) have used Semi-variogram to identify spatial auto 
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4 
correlation in crop yield. They show the effectiveness of 
NNA in removing spatial variability by studying the semi 
variogram before and after the application of NNA. The 
Scope of their Study is again limited to intra-Site analysis 
with the maximum range of Spatial autocorrelation being 
approximately 20 meters. Moreover, no aspect of Spatial 
estimation or prediction is covered in their Study. Wu et. al. 
(1997) have compared the so-called first difference with 
errors in variables (FD-EV) method (Besag and Kempton, 
1986) to the more traditional Papadakis nearest neighbor 
method and classical randomized complete block (RCB) 
analysis in terms of elimination of Spatial variation in yield 
data from cereal breeding trials. However, their approach 
does not require pre- Specified model for trend and the 
Spatial autocorrelation Structure. Moreover, their Study is 
confined to only intra-Site Spatial variation. 

Stroup, Baenziger and Mulitze (1994) have used data 
from breeding nurseries to compare the traditional RCB 
analysis, NNA, and the random field linear model analysis 
(Zimmerman and Harville, 1991) in terms of comparison of 
treatment effects through effective removal of noise due to 
Spatial variability. Naturally, their study of Spatial correla 
tion is limited to data within each nursery. 
A paper by Gotway and Stroup (1997) is unique in that the 

authors have extended the theory of generalized linear 
model to include Spatial estimation and prediction of dis 
crete and categorical spatial variables. They have applied 
their extensions to two data sets, one on plant damage due 
to insects and the other on weed count. However, as in the 
case of all other Studies, the Scope of their Study and its 
application are limited to data within each experimental Site. 

In the above paragraphs, a review of the literature that 
currently exists in areas relevant to the present invention has 
been presented. The ensemble of research work in these 
areas can be broadly classified into two categories: (a) 
application of geostatistics and Spatial Statistics to areas of 
Soil Sciences in wide and Small area testing, and (b) appli 
cation of geostatistics and Spatial Statistics to crop response 
analysis to intra-field Small area testing. The existing litera 
ture lacks the presence of research in the area of crop 
response analysis (e.g., Zea mayS grain yield) in the context 
of wide area testing where the range of Spatial correlation 
extends beyond individual experimental sites. 

In the assessment of performance of crop varieties, it is 
essential that the conclusion be drawn acroSS environments, 
i.e., acroSS broad geographic regions covering multiple test 
sites. In the literature review, it should also be noticed that 
the existing literature does not address the use of both spatial 
estimation and Spatial prediction in any Study. In contrast, 
and as will be discussed in detail below, the current inven 
tion concerns a novel approach to the problem of variety 
assessment in that not only it is based on multi-environment 
wide area testing, it also has two components to answer two 
distinct questions: (a) an estimation component to answer 
the question of long term average performance of a variety 
or performance difference of two varieties, and (b) a pre 
diction part to answer the question on performance of a 
variety or performance difference of two varieties at given 
points in time (year), and/or at given points in Space 
(geography). The methodology behind the present invention 
takes into account large Scale trend through universal krig 
ing and universal block kriging and readily incorporates use 
of covariates through cokriging. The current literature lackS 
any work that combines all of the above features into a 
unified approach for the Study of performance of crop 
varieties. 

Problems enumerated above are not intended to be 
exhaustive, but rather are among many that tend to impair 
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the effectiveness of previously known techniques concern 
ing crop performance analysis. Other noteworthy problems 
may also exist; however, those presented above should be 
Sufficient to demonstrate that methodology appearing in the 
art have not been altogether Satisfactory. 

SUMMARY OF THE INVENTION 

Embodiments of the present invention employ a Statistical 
model called a linear mixed model along with geostatistical 
methods to assess the performance of a crop variety from 
wide-area testing data. Crop performance may be assessed 
by measuring commercially important traits Such as (but not 
limited to) yield, grain moisture, and plant lodging. In 
addition to the presence of variety main effect and the 
variety Specific trend components as fixed effects, the mixed 
model that is employed in the present invention also allows 
the use of covariates Such as year, Soil type, irrigation, etc., 
as fixed effects in the model. Furthermore, it allows the use 
of random effects Such as testing location, that can help 
explain the variation in crop performance. The residual 
variation that is not explained by the fixed and the random 
effects is modeled using geostatistical methods. The geo 
Statistical models take into account the Spatial auto 
correlation in the data and allow valid confidence intervals 
to be obtained to assess uncertainty in the estimates and 
predictions. 

Embodiments of the present invention have two distinct 
components: Spatial estimation, and Spatial prediction. The 
estimation component may be used as follows. 
(1) Point estimation: estimate the long-term expected per 

formance of a variety or performance difference between 
Varieties and compute the associated Standard errors at a 
each of a plurality of spatial locations Use these point 
estimates to construct a Surface for performance or per 
formance difference over a wide geographical area (e.g., 
collection of counties or States). 

(2) Block estimation: estimate the long-term expected per 
formance of a variety or performance difference between 
Varieties and compute the associated Standard errors over 
each of one or more given geographical areas Such as 
market districts. 

The prediction component may be used as follows. 
(1) Point prediction: predict the average performance of a 

Variety or performance difference between varieties and 
compute the associated Standard errors at a each of a 
plurality of Spatial locations and at each of one or more 
given time periods (years). Use these point predictions to 
construct a Surface for performance or performance dif 
ference over a wide geographical area (e.g., collection of 
counties or States). 

(2) Block prediction: predict the average performance of a 
Variety or performance difference between varieties and 
compute the associated Standard errors over each of one 
or more given geographical areas Such as a market 
districts and at each of one or more given time periods 
(years). 
Estimation and prediction of varietal performance, as 

described above, are required in decision making for Selec 
tion of newly developed varieties which have the best 
performance compared to other varieties. Decisions need to 
be made about whether to bring a candidate variety to 
commercial Status, and if So, to position it in appropriate 
geographies where it will perform well against its competi 
torS. 

From a marketing Stand point, quantitative assessment of 
relative performance of a variety is required for two distinct 
reasons, first, for introducing a new variety into the market 
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6 
by advancing the variety to commercial Status, and Second, 
for decision making on replacement of an existing commer 
cial variety by a new variety that shows better relative 
performance. 
One of the most important criteria on which the above 

decisions are based on is the expected long-term perfor 
mance advantage of a variety. This is required for assessing 
the commercial value of the variety in the marketplace 
where the value of a variety is measured over its entire 
lifetime on the market. The estimation component of the 
present invention provides answer to this question through 
an assessment of the long-term relative performance of a 
Variety at a given location or over a given geographic region. 

The prediction component of the present invention allows 
assessment of the performance of a variety and the perfor 
mance difference between varieties in a given year and at a 
given location or over a given geographic region. This 
Space- and/or time-Specific performance assessment is nec 
essary in determining the consistency of performance or 
relative performance of a variety acroSS space and/or time. 
Consistency of performance, which is called “variety Sta 
bility” in plant breeding terminology, is a very desirable 
attribute for a commercial variety. 
Advantages of the present invention over traditional 

methods of wide-area testing include the following. First, it 
does not require that the data be location-matched (each 
location in the data Set contains observations on both 
varieties), instead, it uses data from all testing locations 
having at least one of the varieties under consideration. 
Second, for regional performance assessment, it is not 
restricted to data from within the region. Instead, it also uses 
data from test locations in Surrounding regions. Third, it 
readily incorporates information on covariates, which are 
related to the primary trait of interest (e.g., data on Soil Series 
when yield is the primary trait of interest). Fourth, it uses a 
model that can accommodate multiple year data by incor 
porating year as a model factor. Fifth, it does not assume 
independence of observations coming from different testing 
locations. Instead, it utilizes the Spatial dependence between 
the testing locations to provide improved Statistical infer 
CCCS. 

Steps in one embodiment of the present invention may be 
Summarized as follows: 
1. Construct a database of wide-area performance of crops 

that includes names and Spatial coordinates of testing 
locations, geographic areas in which the testing locations 
reside, names and performance trait values of a number of 
varieties, and names and values of the covariates. 

2. Select two varieties for comparison, e.g., a head variety 
under consideration for advancement to commercial sta 
tuS and a competitor variety, which is already in the 
market. 

3. Remove outliers from the data on the two varieties by 
Visual inspection and by using Statistical tests based on the 
hat matrix, and Cook's D. 

4. Choose a Spatial covariance model for the linear mixed 
model. 

5. Estimate the Spatial covariance parameters and other fixed 
and random effect parameters of the linear mixed model. 

6. Use the estimated parameters to 
(a) estimate the across-years average or predict the yearly, 
(b) continuous Surface, or block averages over geographi 

cal regions, 
(c) for a performance trait of each variety, or the differ 

ence in the performance trait between varieties, and 
(d) obtain Standard errors of estimates or predictions. 

7. Use the estimates and the predictions, along with their 
Standard errors for assessment of variety performance, 
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e.g., for the assessment of the relative performance of the 
head variety for taking decision on its advancement to 
commercial Status. 
In one respect, the invention is a method for assessing 

wide-area performance of a crop variety using a linear 
mixed model that incorporates geostatistical components 
and includes parameters for fixed effects, random effects and 
covariances. By “wide area, it is simply meant the putative 
area of a tested variety. For instance, by “wide area, it may 
be meant the area of adaptation of a tested variety, which 
may include many testing locations. By “crop variety,” it is 
meant a cultivar of a given plant species and any other usage 
as is known in the art. A wide-area database is constructed 
that includes spatial coordinates of testing locations of one 
or more crop varieties and performance trait values of one or 
more crop varieties. By “database, it is meant any collec 
tion of data. For instance, a “database' may refer to an 
electronic collection of data that is searchable. By “perfor 
mance trait value,” it is meant any agronomic trait of interest 
asSociated with a particular variety. For instance, “perfor 
mance trait value' may refer to any number of traits known 
in the art. For example, it may refer to grain yield, grain 
moisture, or plant lodging of, for instance, Zea mayS. The 
parameters for the fixed effects, random effects and covari 
ances are estimated by fitting the linear mixed model with 
data in the wide-area database. Long-term expected perfor 
mance of the crop variety is estimated for each of one or 
more given Spatial locations using the parameter estimates. 
By “estimating long-term expected performance,” it is 
meant estimating a value of an agronomic trait of a variety 
as that phrase is known in the art. This estimate, by defini 
tion not being dependent on any given time period, can Still 
be used to characterize expected performance over a 
commercially-relevant time period, e.g., the time the variety 
is on the market. Time period may refer to, for example, a 
year, a collection of years, or any other period. 

In other respects, the database further may also include 
covariate data. The estimating long-term expected perfor 
mance may include estimating long-term expected perfor 
mance differences between the crop variety and another crop 
variety. The estimating the parameters may include a method 
of restricted maximum likelihood. The estimating long-term 
expected performance may include a method of generalized 
least Squares. The method may also include removing data 
from the database using a method of leverage or Cook's 
Distance prior to estimating the parameters. The method 
may also include calculating a Standard error associated with 
the long-term expected performance. The method may also 
include forming an output of the long-term expected per 
formance. The output may include text output. The output 
may include graphical output. The graphical output may 
include a contour plot representing a continuous Surface of 
long-term expected performance. 

In another respect, the invention is a method for assessing 
wide-area performance of a crop variety using a linear 
mixed model that incorporates geostatistical components 
and includes parameters for fixed effects, random effects and 
covariances. A wide-area database is constructed that 
includes spatial coordinates of testing locations of one or 
more crop varieties, geographic areas in which the testing 
locations reside, and performance trait values of one or more 
crop varieties. The parameters for the fixed effects, random 
effects and covariances are estimated by fitting the linear 
mixed model with data in the wide-area database. Long-term 
expected performance of the crop variety is estimated for 
each of one or more given geographic areas using the 
parameter estimates. 
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In another respect, the invention is a method for assessing 

wide-area performance of a crop variety using a linear 
mixed model that incorporates geostatistical components 
and includes parameters for fixed effects, random effects and 
covariances. A wide-area database is constructed that 
includes spatial coordinates of testing locations of one or 
more crop varieties and performance trait values of one or 
more crop varieties. The parameters for the fixed effects, 
random effects and covariances are estimated by fitting the 
linear mixed model with data in the wide-area database. 
Average performance of the crop variety is predicted for 
each of one or more given Spatial locations and for each of 
one or more given time periods using the parameter esti 
mates. By "predicting average performance,” it is simply 
meant predicting a value of an agronomic trait of a variety 
for a given geographic locations and for a given time period 
and the normal usage of that phrase as known in the art. 

In other respects, the estimating the parameters may 
include a method of restricted maximum likelihood. The 
predicting average performance may include the method of 
universal kriging. The database may also include covariate 
data. The covariate data may include one or more response 
variables. The predicting average performance may include 
the method of universal cokriging. The covariate data may 
include only one or more fixed effects. The predicting 
average performance may include the method of universal 
kriging. The predicting average performance may include 
predicting average performance differences between the 
crop variety and another crop variety. The method may also 
include removing data from the database using a method of 
leverage or Cook's Distance prior to estimating the param 
eters. The method may also include calculating a Standard 
error associated With the predicted average performance. 
The method may also include forming an output of the 
predicted average performance. 

In another respect, the invention is a method for assessing 
wide-area performance of a crop variety using a linear 
mixed model that incorporates geostatistical components 
and includes parameters for fixed effects, random effects and 
covariances. A wide-area database is constructed that 
includes spatial coordinates of testing locations of one or 
more crop varieties, geographic areas in which the testing 
locations reside, and performance trait values of one or more 
crop varieties. The parameters for the fixed effects, random 
effects and covariances are estimated by fitting the linear 
mixed model with data in the wide-area database. Average 
performance of the crop variety for each of one or more 
given geographic areas and for each of one or more given 
time periods is predicted using the parameter estimates. 

In another respect, the invention is a method of hybrid 
development. A hybrid is developed. Performance data for 
the hybrid and a comparison hybrid is obtained. A cubic 
polynomial Surface is fitted to the performance data for each 
hybrid using the method of generalized least Squares and 
modeling the residual variance using a spherical variogram. 
The performance of the new and comparison hybrid is 
compared. 

In another respect, the invention is a System including a 
computer and a program. The program executes on the 
computer and includes program code for: fitting a cubic 
polynomial Surface to the performance data for each hybrid 
using the method of generalized least Squares, modeling the 
residual variance using a spherical variogram; and compar 
ing the performance of the new and comparison hybrid. 
AS will be understood with the benefit of this disclosure, 
point prediction, block prediction, point estimation, and 
block estimation may be combined in any number of dif 
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ferent permutations to obtain valuable performance assess 
ments. All such combinations fall within the scope of this 
invention. 

BRIEF DESCRIPTION OF THE DRAWINGS 

The present invention is illustrated by way of example 
and not limitation in the accompanying figures, in which: 

FIG. 1 is a contour plot showing the prediction Surface of 
yield difference for two commercial hybrids, DK512 and 
DK527, in 1996. Three yield difference contours (-5, 0, and 
+5 bushels/acre) and four statistical significance level con 
tours (5% and 20% for both positive and negative yield 
difference) are shown. Also shown are the testing locations 
for the two hybrids and market district boundaries and 

CS. 

FIG. 2 is a choropleth map showing the block predictions 
of yield difference within each of a number of geographic 
regions for two commercial hybrids, DK512 and DK527, in 
1996. Patterns on the choropleth map indicate both the level 
of yield difference (-3, 0, +3 bushels/acre) and whether the 
difference is statistically significant at the 5% level. 

FIG.3 is a choropleth map showing the Simple mean yield 
difference within each of a number of geographic regions for 
two commercial hybrids, DK512 and DK527, in 1996. 
Patterns on the choropleth map indicate both the level of 
yield difference (-3, 0, +3 bushels/acre) and whether the 
difference is statistically significant at the 5% level. 

FIGS. 4, 5, 6 show the same information as FIGS. 1, 2, 
and 3, respectively, for the year 1997. 

FIGS. 7, 8, 9 show the same information as FIGS. 1, 2, 
and 3, respectively, for the year 1998. 

FIG. 10 is a contour plot showing the across-years esti 
mation Surface of yield difference for two commercial 
hybrids, DK512 and DK527, for the years 1996, 1997, and 
1998. Three yield difference contours (-5, 0, and +5 bushels/ 
acre) and four statistical significance level contours (5% and 
20% for both positive and negative yield difference) are 
shown. Also shown are the testing locations for the two 
hybrids and market district boundaries and names. 

FIG. 11 is a choropleth map showing the acroSS-years 
block estimates of yield difference within each of a number 
of geographic regions for two commercial hybrids, DK512 
and DK527, for the years 1996, 1997, and 1998. Patterns on 
the choropleth map indicate both the level of yield difference 
(-3, 0, +3 bushels/acre) and whether the difference is 
statistically significant at the 5% level. 

FIG. 12 is a choropleth map showing the acroSS-years 
simple mean yield difference within each of a number of 
geographic regions for two commercial hybrids, DK512 and 
DK527, for the years 1996, 1997, and 1998. Patterns on the 
choropleth map indicate both the level of yield difference 
(-3, 0, +3 bushels/acre) and whether the difference is 
statistically significant at the 5% level. 

DESCRIPTION OF ILLUSTRATIVE 
EMBODIMENTS 

Reference will now be made in detail to the preferred 
embodiments of the disclosed device, examples of which are 
illustrated in the accompanying drawings. 

The present invention addresses all five of the limitations 
of the traditional methods of Statistical analysis mentioned 
above in the description of related art. First, it does not 
require location-matched data. Instead, it uses data from all 
testing locations having at least one of the varieties in the 
test. Second, it is not restricted to data from within the region 
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for regional performance assessment. Instead, it also uses 
data from test locations in Surrounding regions. Third, it uses 
covariates readily. Fourth, it uses a model that can accom 
modate multiple year data by incorporating year as a model 
factor. Fifth, it does not assume independence of observa 
tions coming from different testing locations. Instead, it 
utilizes the Spatial dependence between testing locations to 
provide improved Statistical inferences. 

It is rather natural to expect Spatial correlation in variety 
performance data because of the Sensitivity of the varietal 
response to environmental conditions. However, to make a 
quantitative assessment of the extent of Spatial correlation in 
variety performance data, especially in yield data, a Study 
was conducted on Zea mayS yield data from Monsanto 
(DEKALB) corn research system. Three years of historical 
yield data (1994-1996) involving numerous Zea mays vari 
eties were analyzed. The analysis results revealed that data 
from approximately 80% of the varieties had strong spatial 
auto-correlation as evidenced by large positive range for the 
fitted covariance models (Bhatti, Mulla, Kooehler and 
Gurmani, 1991). This result was supported by a mixed 
model analysis of Zea mays yield data from the years 1994 
and 1995, where a likelihood ratio test was conducted for 
each individual variety to test for Significance of Spatial 
auto-correlation. On the average, 75% of the varieties 
showed significant auto-correlation in their data. 
The present invention uses a Statistical model that gives 

the ability to do both Spatial estimation and Spatial 
prediction, which provide Some distinct advantages over 
traditional methodologies for the assessment of varietal 
performance. Spatial estimation allows assessment of the 
long-term average performance of varieties and of varietal 
differences. This information is of value in determining 
whether there is Some long-term performance advantage of 
a given variety relative to other competing varieties. This 
can be determined at Specific locations, or over larger 
regions. This is required for assessing the commercial value 
of the variety in the marketplace where the value of a variety 
is measured over its entire lifetime on the market. Spatial 
prediction allows assessment of performance and perfor 
mance difference of varieties at given points in time (year), 
and/or at given points in Space (geography) or points in 
Space aggregated into larger regions. This space- and/or 
time-specific performance assessment is useful in determin 
ing the consistency of varietal performance acroSS space 
and/or time. Consistency of performance, which is called 
variety Stability in plant breeding terminology, is a very 
desirable attribute for a commercial variety. The stability 
issue can be addressed by conducting mixed model analysis 
of varietal performance (Littellet. al., 1996, p. 250). 
The present invention incorporates geostatistical models 

into a method for comparing varietal performance. A geo 
Statistical model uses Sample points taken at different loca 
tions in a landscape and creates (interpolates) a continuous 
Surface from the Sample points. The Sample points are 
measurements of Some phenomenon, Such as the level of an 
air pollutant or the grade of ore from a geological core. 
Credit for the origin of geostatistics comes from Several 
Sources. Interpolation using covariance, which is also called 
best linear unbiased prediction (BLUP), came from Wold 
(1938), Kolmogorov (1941), Wiener (1949), Gandin (1959) 
and Goldberger (1962). Interpolation using variograms is 
attributed to Gandin (1959, 1963) and Matheron (1962, 
1969). Cressie (1990) has given more details on the origins 
of geostatistics. Geostatistics was originally applied to the 
area of mining, followed by application to areas Such as 
meteorology and environmental Sciences. In recent years, it 
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has been applied in agriculturally-related areas Such as the 
modeling of Soil properties and crop yield. 

Mixed Effect Models 

The “mixed effects model” forms the context for under 
Standing the present invention and should therefore be 
discussed in Some detail to provide the reader with contex 
tual information relevant to embodiments discussed herein. 
Consider the following general model: 

where y is the Vector of responses, 0 is a vector of unknown 
fixed effect parameters, r is a vector of unknown random 
effect parameters, X and D are known design matrices, and 
e is a vector of unknown random error components. This 
model is called a mixed effects model or more Simply a 
“mixed model” because it has both fixed and random effect 
parameters. It is assumed that r and e are normally distrib 
uted with 

E)-(), and 
va)-( ). 

In the following paragraphs, it is shown how the geo 
Statistical models are related to the mixed model. 

2 

3) 

Mixed Model in Geostatistics 
Geostatistics assumes a Spatial linear model given by, 

where the vector S contains spatial coordinates (e.g., latitude 
and longitude) and denotes the Spatial location of the ran 
dom variable Z(s). Equation 4 is composed of two parts: a 
deterministic part u(s) and a random part e(s). For two 
distinct points S and u, the random variables e(s) and e(u) are 
Spatially correlated. Because this correlation is between 
terms within the same random process e(), it is termed 
“autocorrelation”. To provide replication for statistical 
modeling, it is assumed that the Spatial autocorrelation 
depends only on the distance and the direction that Separates 
S and u, and not on their exact locations. This property is 
termed “stationarity.” 

The most common model used in geostatistics is a special 
case of 4 where the deterministic Surface u(s) does not 
change with location S. The model is given by 

Models 4 and 5 can both be used for prediction, where 
the term “prediction' corresponds to inference on random 
quantities (Cressie, 1993, p. 15). Here, the word inference 
refers to prediction of the random quantities, along with the 
asSociated uncertainty about the prediction. Under model 
4), where the deterministic Surface u(s) changes with 
location, the prediction of Z(so) for Some location So, is 
termed “universal kriging”. Under model 5), where the 
deterministic part of the model is a constant and is not 
dependent on location, the prediction of Z(so) is termed 
“ordinary kriging.” 

Models 4 and 5 can also be used for estimation, where 
the term “estimation” refers to inference on fixed or deter 
ministic quantities (Cressie, 1993, p. 13). Here, inference 
refers to the estimation of the fixed quantities, along with the 
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asSociated uncertainty about the estimation. Note that under 
model 4 estimation refers to the determination of u(s) and 
under model 5), estimation refers to the determination of u. 
The above descriptions of prediction and estimation are 

concerned with inference at points, i.e., prediction or esti 
mation of quantities at Specific locations. Prediction and 
estimation can also be applied at a Spatially-aggregated, or 
regional level; for example, for an entire State. In this case, 
we are either predicting the average value of the random 
variable Z(s) or estimating the average value of the deter 
ministic trend Surface u(s) over Some region A. These two 
operations are respectively termed “block prediction', Z(A) 
=JAZ(s)ds/A, and “block estimation”, u(A)= Au(s)ds/A, 
where A=JA 1 ds is the area of A. 
Model 4 can be written as a general linear model, 

showing the joint expectation of all random variables for a 
variety. Here, the variance-covariance matrix of the random 
errors is given by var(e)=X. Note that model 6) can be seen 
as a special case of model 1). It can be generalized to 
accommodate the multivariable case (e.g., of two varieties) 
if we write it as 

()-( , )-(). (7) 

where 

X11 X. varie) = val - = 82 212 22 

which is still a special case of model 1. For example, if 
there are n observations from the ith variety, i=1,2, then 
vectors Z, and ei=1,2, in equation 7 are vectors of size 
ni=1,2. The matrix Oi=1,2, is a matrix of Zeros. The row 
dimension of 0, and X is ni=1,2, but the column dimen 
Sions of these two matrices and the size of the vector 0.i=1,2 
depend on the number of parameters used in the model. 

In model 7), when the prediction is for the ith variety 
Z,(so), i=1,2, the procedure is called cokriging for the simple 
case where 

(9) 

where 1 and Oi=1,2, are vectors of n, ones and Zeros, 
respectively, i=1.2. The procedure is called universal cokrig 
ing for the more general case given by model 7. When 
predicting multiple varieties jointly, represented by the vec 
tor Z(so), the procedure is called multivariable spatial pre 
diction (Ver Hoef and Cressie, 1993). 

Geostatistical Models for Covariance 

So far we have not specified the structure of the covari 
ance matrix of the random errors, Var(e)=X. Indeed, what 
makes the method "geostatistical' is the use of Spatial 
coordinates to Specify the Structure of the matrix X. Let the 
Spatial coordinates of a location be contained in the 2x1 
vector S. Let the jth observation of the ith variable (e.g., 
variety 1) be at location S=(x,y), and let the mth observa 
tion of the kth variable (e.g., variety 2) be at location 
u=(x,y). Then the covariance between the jth observation 
of the ith variable and the mth observation of the kth variable 
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can be modeled by a geostatistical covariance model. An 
example of one Such covariance model is a spherical model 
(Cressie, 1993, p. 61), which is given as 

3i 
8| -(i.l s for his pik, Cov(Zi, Zn) = 2pik 2pi. 

O for h > p;k, 

where h=u-S and his the length of the vector h. Essentially 
his the Euclidean distance from S to u which is equal to 
V(x,-X)+(ys-y). In geostatistics, the parameter (p, is 
called the Sill and p is called the range. If i=k, Equation 
10 defines autocorrelation, else it defines cross-correlation. 
Physically, the Sill parameter represents the variance and the 
range parameter represents the distance beyond which the 
correlation is reduced to Zero. 

Care must be taken to ensure that the variance-covariance 
matrix Var(e)=X is positive definite. In the case of a single 
variety, the use of Equation 10 ensures that X is positive 
definite. For example, notice that with respect to 
autocorrelation, it is enough that p and p be greater than 
0 for each i to ensure positive-definiteness. However, with 
respect to cross-correlation, to ensure positive-definiteness, 
there are restrictions on (p, qp and (p (Goovaerts, 1997, p. 
108). A class of models known as coregionalization models 
have traditionally been used to ensure that the matrix X is 
positive definite. Other approaches for modeling croSS 
correlation have been given by Ver Hoef and Barry (1998). 
Notice that under the embodiment X=X =0, the variance 
covariance matrix in 8 is trivially positive definite when 
using Equation 10 for X11 and X22 with {p, and pit greater 
than 0 for each i. 
We will now describe a class of coregionalization models 

that will be used for the details of the invention and in the 
example. For a given integer m, m=1,2,..., M, let uS Start 
by constructing a process for the ith variable, i=1,..., K, 
S 

11 

where -1s rs1 and W, m=1,2,..., M, is another spatial 
process with the following covariance properties: 

covW(s), W(S+h)=0, 

for all izk (ik=0,1, . . . , K), and 
f(hy)=covW(s), W(S+h). 

for i=0, 1, . . . , K. Here, the function f(h;Y) is Some 
unscaled (f(0;Y)=1) model that is valid as a covariance 
model, i.e., all possible covariance matrices are positive 
definite. For example, the Spherical model defined in Equa 
tion 10, but without the Scale parameter (p, is valid as a 
covariance model and is given by, 

| - 3IIhl - for his p fin (h; y) = 2pm 2p, - 'i 

O for h > p. 

12 

where Y=p. Another trivial example for f(h;Y) is the 
unscaled “nugget effect”, where f(h;Y)=1 for all h. A 
nugget effect is usually caused by Sampling error and/or 
variability at Scales finer than the closest locations in the 
observed data Set. Most geostatistical models include a 
nugget effect along with Some other model, Such as the 
spherical model above in Equation 12, which causes a 
discontinuity at the origin when h=0. 
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Using Equation 11 and the definition of f(h;Y) we 

have, 

f(h; y) if i = k, 
rinkm fin (h;yn) if it k. 

13 
Covin (S), Yin (S) = { 

Next, we construct the "linear model of coregionaliza 
tion' by defining the Sum, 

i 14 

8(s)=X bin Yin (s), 
n=1 

for i=1,2,..., K. Note that Equation 14, by construction, 
provides a valid Spatial Stochastic process. In other words, as 
long as the component processes Y(s), i=1,2,. . . , K, 
m=1,2,..., M, exist, So does the process e,(s), i=1,2,. . . 
, K. Also note that the processes Y(s), m=1,2,..., M., may 
have different underlying covariance models (e.g., spherical, 
exponential, etc.). 
The construction in Equation 14 provides the following 

covariance model (coregionalization model) for the con 
Struction e(s): 

Cit (h; y) = Cove (S), et (S) = i 

Note that when K=2, the parameters r and rare not 
individually identifiable, but their product is identifiable, 
which we denote simply as r=rra. It remains now to 
estimate the parameters in the above covariance model 15, 
as well as the fixed effects 0. We discuss them in the 
following paragraphs. 

Restricted Maximum Likelihood 

For the mixed model described in Equation 1), for which 
the geostatistical model 6) is a special case, it is necessary 
to use data to estimate the parameters of the model. Broadly 
Speaking, the parameters can be divided into two parts: the 
fixed effects 0, given in Equation 1), and the covariance 
parameters contained in X, given by Equation 8. 

Let's denote the dependence of X on the vector of 
parameters (p by X(p). For example, p could be the param 
eters of a spherical covariance model 12 or the parameters 
of a coregionalization model 15). A general estimation 
method is to use the restricted (or, residual) maximum 
likelihood (REML) method to estimate 0 and (p. 
We now present a brief introduction to REML estimation 

method, which was developed by Patterson and Thompson 
(1971, 1974). Assuming that the data are from a multivariate 
normal distribution N(X0.X(p)), the traditional maximum 
likelihood estimation method could be used to estimate 0 
and (p, where twice the negative log-likelihood, 

is minimized for both 0 and (p simultaneously within their 
parameter Spaces. A Solution for 0, in terms of (p, is given by 

which is the well-known generalized least-Squares estimator 
of 0. Upon substituting Equation 17 into Equation 16, the 
likelihood function for the covariance parameters becomes 

17 
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It is well-known that maximum likelihood estimation of 
the covariance parameters (p given by minimizing L(p) in 
Equation18) is biased (Mardia and Marshall, 1984). REML 
estimation is a modification of maximum likelihood estima 
tion that corrects for the bias of maximum likelihood esti 
mation of (p. The REML estimator is obtained by minimizing 

logYX(p)X 19 

with respect to p, where d=rank(X). Equation 19 requires 
a numerical solution. More details on REML for spatial 
covariance structures can be found in Cressie (1993, p. 91). 
Computational details for minimizing 19 can be found in 
Harville (1977), Zimmerman (1989), and Wolfinger et al. 
(1994). Although REML was developed assuming that the 
data come from a multivariate normal distribution, Heyde 
(1994) and Cressie and Lahiri (1996) show that Equation 
19 is also an estimating equation (Godambe, 1991); SO 
REML estimation of cp is unbiased even when the data do not 
come from a multivariate normal distribution. 

With reference to the above discussion, embodiments of 
the present invention may now be discussed in detail. 

The model 

A Statistical model is developed for estimation and pre 
diction at the point level or Some block level of aggregation, 
for either a single variety or for comparing varieties. In the 
context of advancement of varieties, where comparison of 
the varieties is the most important objective, it is almost 
never the case that the experimenter considers one variety at 
a time or fits Single variety models. Note that Statistical tests 
for comparing varieties are not possible if Single variety 
models are fitted to data on individual hybrids. On the other 
hand, using a model for two or more varieties is the most 
general case and still allows inference (estimation and 
prediction) for a single variety as well as for comparing 
varieties. Therefore, the general model is considered in 
detail. The model under consideration here is a Statistical 
model, containing both fixed and random effects and is 
called a mixed effect model. The model is, 

The vectory in model 20 contains the main variables of 
interest (e.g., grain yield) and possibly other concomitant 
variables. AS an example of these concomitant variables, 
consider precipitation averaged across the growing Season. 
These precipitation data come from weather Stations in the 
general area of the testing locations where the variables of 
interest are measured. The reason for introducing observa 
tions from these other variables into y is to use the covari 
ance between these variables and the variable(s) of interest 
in prediction and estimation. In the context of prediction, the 
reader is referred to the discussion on cokriging presented 
earlier. 

In one embodiment, y may contain responses on one 
variable from exactly two varieties, which will be assumed 
henceforth. Note that this embodiment still represents a 
general form of the vectory, Since it allows the use of the 
covariance between the responses on that variable from the 
two varieties. Under this embodiment, the vectory is written 
as y=(y'y'2) where y =(Y1, Y2,..., Y), i=1, 2, with n 
observations from variety 1 and n- observations from variety 
2. In other words, there is a total of N=n+n observations 
from both varieties. 
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16 
The matrix X in model 20 is the design matrix for the 

fixed effects, 

X1 O 21 X = } O X2 

where 

v., v. 22 
v2 x2 

X = . . . i = 1, 2, 

win; in 

for i=1,2. In Equation 22), the column vector V, i=1,2, and 
j=1, 2, ..., n contains fixed effects used to model a trend 
Surface. These vectors are composed of functions of the 
Spatial coordinates for the jth observation, j=1,2,..., n. For 
example, the X-coordinate for the jth observation could be 
the latitude and the y-coordinate could be the longitude of 
that observation. Other coordinate Systems can also be used, 
such as Universal Trans Meridian (UTM). If the 
X-coordinates and y-coordinates are denoted by X, and y, for 
i=1, 2, then an embodiment of V contains the terms of a 
third-order polynomial for the jth observation of the ith 
variety, 

vil-(1-pypy, yi, y-, yixyfy, y). 23 

Note that the presence of 1 in V corresponds to the main 
effect of variety as one of the fixed effects in the model. In 
Equation 22 the column vector Xi, i=1, 2, and j=1,2,... 
, n, contains other fixed covariate effects for the jth obser 
vation of the ith variety. These covariates could include 
factorS Such as the effect of presence or absence of irrigation, 
effect of the year, etc. Thus the fixed effects parameter vector 
0 can be written as 

d 24 

A32 

where the Subvector C is an ax1 vector of fixed effects for 
the spatial trend surface for the ith variety formed by the 
polynomial vC, and f, is a bix1 vector of fixed effects of 
the covariates for the ith variety, i=1, 2. Let the dimension 
of 0 be dx1, i.e., d=a+b+a+b. Under an embodiment 
given by 23, C, i=1, 2, is a 10x1 vector. 

In model 20, r, Z, and e are vectors of random effects. 
The vector r contains random effects for locations. If there 
are no locations with observations on both varieties, there are 
N-n unique locations and r becomes an (N-n)x1 vector. It 
is assumed that E(r)=0 and that 

var(r)=oo I, 25 

where I is the (N-n)x(N-n) identity matrix. In model 
20), D is an Nx(N-n) incidence matrix for the random 
effect of location. The incidence matrix D has all elements 
in a row Set to Zero, except a single 1 in each row that 
indicates the incidence of a particular location for that 
observation (e.g., see Searle et al., 1992, pp. 138-139). 
Furthermore, the presence of two 1's in a single column 
indicates the co-occurrence of the two varieties at a location. 

In model 20, Z represents a spatial Stochastic process. 
The vector Z may contain Spatially-correlated random vari 
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ables of the two varieties; Z=(zi,z)' where Z=(Z, Z, . . . 
Z), i=1, 2. It is assumed that E(z)=0 and that 

X11 26 Cov(z) = ( X21 22 

has Some variogram/covariance model for the Spatial auto 
correlation and cross-correlation. Let the Spatial coordinates 
of a location be contained in the 2x1 vector S. Let the jth 
observation of the ith variety be at location S=(x,y), and let 
the nith observation of the kth variety be at location u=(X, 
y). Then an embodiment of the covariance between the jth 
observation of the ith variety and the mth observation of the 
kth variety is a spherical covariance model as given in 
Equation 10). 

In model 20, e is a vector containing independent 
random errors. The vector e may contain random variables 
of two varieties; e=(e"e")' where e' =e, 1, e2,..., el, i=1, 
2. It is assumed that E(e)=0 and that 

Oil () (27) 
Cov(e) = 

O Oil, 

where I is the nxn identity matrix for i=1, 2. It is also 
assumed that r, Z and e are independent of each other. 
From Equations 20, 25, 26), and 27, and the fact that 

r, Z and e are independent of each other, it follows that the 
variance-covariance matrix for the response vector y is 
given by, 

28 X. X. O I, () y = ridD + il | -- 
X21 22 0 Oil, 

Note that the matrix DD' contains only 0's and 1's, with 
1's on the diagonal. The presence of a 1 in the off-diagonal 
position in DD" indicates that both varieties were tested 
together at Some location. 

Influence Diagnostics 
Before fitting model 20 to draw inferences, it is impor 

tant to locate influential data points and assess their impact 
on the model. Preferably, these data points should be 
removed before model fitting is conducted. Note that a 
Visual inspection of the Spatial distribution of the data can 
allow removal of a location, or cluster of locations, that is 
spatially disjoint from the rest of the observations. In our 
procedure, in addition to a visual inspection of the data, we 
use the following two objective measures of influence to 
identify unusual or influential observations. The first mea 
Sure of influence is called leverage. For the most general 
case of a mixed effect model, Christensen et al. (1992) have 
defined the So called “hat matrix, 

as a measure of leverage. The jth data point is considered a 
high-leverage point if h>2/N, where h is the jth diagonal 
element of H, t is the trace of H and N is the total number 
of data points. In one embodiment, when X is an identity 
matrix, the hat matrix reduces to the following form 
(Hoaglin and Welsh, 1978): 

H-X(XX) 'X'. 30 

In this case, the jth data point is considered a high 
leverage point if h>2d/N (Montgomery and Peck, 1992, p. 
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182), where, as defined earlier, d is the number of parameters 
in 0. The Second measure of influence used in our procedure 
is Cook's distance D, (Cook, 1977) defined for the jth 
observation. For the most general case of a mixed effect 
model, this distance is given by, 

31 

where 6. is an estimate of 0 with the jth observation 
removed, and X is the estimated variance-covaniance matrix. 
Observations with D-1 are usually considered influential 
(Montgomery and Peck, 1992, p. 182). In one embodiment, 
when X is an identity matrix, the following expression is 
used for Cook's distance for identifying influential obser 
Vations: 

(0–0) X'X(0-0) 32 
D = 4, 6. 

where, as before, observations with D-1 are considered 
influential. For influence diagnostics in our procedure, we 
use formulas 30 and 32, and a model without any 
covariate effect. 

The reason for using both H and D, to screen out influ 
ential observations is as follows. The calculation of H is 
based entirely on the spatial locations (not the values) of the 
data points. Therefore H is Sensitive to Spatial outliers and 
could be used to Screen Spatial outliers. On the other hand, 
Cook's distance D, is partly based on the spatial location and 
partly on the value of the observation. Therefore, D, can be 
used to identify data points that have unusually high or low 
values but are not necessarily Spatial outliers. 

Estimation of the Parameters for the Mixed Model 

After describing the model for the data, given in 20, the 
problem of parameter estimation should be addressed next. 
Broadly Speaking, the parameters can be divided into two 
categories: the fixed effects 0, given by Equation 24), and 
the covariance parameters contained in X, given by Equation 
28). Let's denote the dependence of X on parameters 
(p=(Oof.O.O2.91.9 12-p21, p22p11-p12-p2p22) by X(p). In 
a preferred embodiment, the method of restricted maximum 
likelihood (REML) is used to estimate the parameters 0 and 
(p. After X is estimated by REML, 0 is estimated by gener 
alized least squares, which is given by Searle (1971, p. 87) 
S 

where, as defined before, y is the vector of all Selected data 
points. 
The parameter estimates are used in two different proce 

dures: estimation and prediction. In both procedures, the 
interest is either on a Single location or on the mean over a 
geographic region. The former is called point estimation 
(prediction) and the latter is called block estimation 
(prediction). Note that point estimates are also used for 
construction of the estimation trend Surface, which is done 
by conducting point estimation at every grid point of a grid 
Superimposed on the data. Similarly, a prediction Surface can 
be constructed by using point predictions at all grid points of 
a grid Superimposed on the Spatial extent of the data. 

In the following two Sub-Sections, we will consider esti 
mation and prediction by fitting model 20). Note that before 
the block estimation or prediction is conducted for indi 
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vidual regions, model 20 is fitted only once using all 
Selected data points (original data set minus the influential 
observations). The parameters estimated from this model are 
then used for estimation and prediction of individual points 
and region means. 

Block and Point Estimation 

Suppose the goal is to estimate the mean value of a trend 
Surface of fixed spatial effects. For a location S=(x, y)' and 
the ith variety, i=1, 2, let's define a vector-valued function 
w(s) of the spatial coordinates by 

Notice that, under the embodiment given by Equation 
23), we have, a=a=10 and w(s)=(1,x,y,x,y,xy,x,y,xy, 
xy)'. Therefore, the value of the trend surface at some 
location S is given by w(s)Cl. However, the average value 
of the trend Surface over Some geographic region A is often 
of interest. AS mentioned before, estimating this average 
over A is called block estimation and the block estimate is 
given by 

pl; (A) = xof; + a ?wola, dS, (35) AJA 

for i=1, 2, where A is the area of the region A and the vector 
Xo, i=1, 2 contains a set of values for the covariates 
corresponding to region A. It is assumed that the covariates 
Xo do not interact with the trend Surface, Specifying values 
for Xo simply moves the trend Surface within the corre 
sponding region up or down without affecting its shape. 

In an embodiment of model (20), the covariate effects x 
in Equation 22 could be completely dropped from the 
model for reasons Such as unavailability of covariate data or 
absence of an appropriate covariate. In that case the term 
Xro?, which corresponds to the covariate(s), drops out of 
Equation 35. Note that the term Xro? is taken outside the 
integral in Equation 35 to help distinguish covariates from 
trend Surface components. The covariates may be spatial or 
non-Spatial, and may be observed or Specified by the user. 
They can also be either continuous or discrete valued. 
Examples of Some of the covariate types are in order. AS an 
example of a discrete non-Spatial covariate, consider year 
effect, which is not spatially integrable. When a covariate is 
Spatial and continuous valued, the corresponding component 
of the Vector Xo represents the result of an integral average 
Similar to the integral in Equation 35. Let the value of a 
Spatial covariate be denoted by g(s) for the ith variety at 
location S and let this covariate correspond to the kth 
component of vector x in Equation (22). Then the kth 
component of Xo would be 

where g(u) is assumed to be Reimann integrable. As an 
example of an observed Spatial covariate, consider Soil 
Series. This covariate must be known at all points. 
Fortunately, Soil Series maps are available for all major 
agricultural regions and provide classification of any region 
(e.g. county) into various Soil Series. This implies that data 
on Soil Series as, a covariate, can be obtained at all possible 
Spatial locations. AS an example of a user-specified spatial 
covariate, consider irrigation, which can be treated as a 
binary-valued function (1=irrigated, 0=non-irrigated). For 
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20 
example, the user might be interested in estimating 
(predicting) the difference between the two varieties for a 
region in a Scenario of 100% irrigation. If irrigation as a 
covaniate corresponds to the lth component of the vector X, 
then this would mean that the lth component of X is 
Specified to have a value of 1 to represent the condition of 
irrigation. 

Under an embodiment where there are responses from one 
variable from exactly two varieties, let's define the differ 
ence in the block averages for the varieties over a region A 
as ul(A). Then u(A) is given by, 

pilo (A) = u(A) - u2 (A) = 36 

1 
Xofi - x20f2 + i? visa, - w(s)a2 dis. 

A. 

Now, let's define a set SA={p:seA}, where {s} are points 
either on a regular grid Superimposed on A or are randomly 
chosen from within A, with n elements in SA. Let's also 
define 

W1 (sp) O W (sp) 37) 
O X W10 O 

, , and 1(Sp) 2(Sp) W2 (sp) and 0 (sp) -w2(s) 

O X20 -X20 

Then, approximating the integrals in 35 and 36 and 
using the definition of 0 from 24 we have 

p 1 1 p 38 
pl; (A) & Xof + na 2. w(s)a; = na 2. A, (s)'0, 

pes. A pes. A 

for i=1,2, and 

p p 1 p 1 39 
plo (A) & Xofi - x2013 + 2. w(s)a - w(s)a2 = n 

X (Ao(s)|'0 

Upon Substituting the generalized least Squares estimator 
of 0 from 33 in 38 and 39, we get the estimators of 
l,(A) as 

for i=0, 1, 2. The variance of it,(A) is 
1 41 varp, (A) > X X (A, (sp)"(X'X'X) (A, (s)), 41 
n peSA geSA 

with the standard errors, se(ii,(A))=vvara,(A)) for i=0,1,2. 
Let's now consider the case of point estimation. The 

objective is to estimate the following function which is a 
Special case of Equation 35 where the region A is now 
reduced to a location (point). The point estimate at So is 

Al;(so)=x"of +w'(so)Cl. 42 

AS in the case of block estimation, the value of the 
covariate Xio merely introduces an additive effect in 42 by 
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either increasing or decreasing the point estimate. However, 
Since the magnitude and direction of this additive effect 
could vary from point to point, the shape of the overall trend 
Surface, which is constructed using the point estimates, 
could change Substantially by the presence of covariates in 
the model. 

The estimator of u(s) can be derived as a special case 
block estimator given in Equation 40 as follows: 

for i=0, 1, 2. The estimation variance of it,(so) is obtained 
Similar to that for the block estimate in Equation 41 and is 
given by, 

The standard errors of the point estimates are seLi,(s)|= 
Vvarai,(so) for i=0, 1, 2. 

Universal Block and Point Cokriging 
Let's first consider block prediction, which is also called 

block cokriging, as discussed in the Background of the 
Invention Section. The goal here is to predict, over Some 
Specified geographic region, the mean value of the response 
Surface, which is a Sum of three components: the trend 
Surface offixed Spatial effects, fixed covariate effects, and an 
autocorrelated random Surface. Define the random function 
Z,(s), where the set {Z,(s); SeA}; i=1, 2, forms a random 
surface that can be integrated as defined by Cressie (1993, 
page. 107). Let Zo(s)=Z (S)-Z(s) be a random function, 
where {Zo(s); SeA} forms a random Surface that can be 
integrated if Z(s) and Z(s) can be integrated. Now, let's 
define the function 

p 1 45 
S; (A) = xf3 + . 

A. 

for i=1, 2, as the average realized value of the ith variety 
over a region A at a specified Set of values for the covariates 
given by Xo, i=1, 2. AS in the case of block estimation (see 
discussion following equation 35), the term Xro?, in equa 
tion 45 can accommodate covariates of all types and 
represents the results of an averaging corresponding to the 
covariate Xio. 
The objective here is to predict the block means S (A), 

S-(A), and So(A)=S (A)-S(A) with Some linear combina 
tion of the data, Say, coy. The estimation of the Vector (), 
i=0, 1, 2, is accomplished by a method known as best linear 
unbiased prediction, where the predictor, which is a linear 
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function of the data, is unbiased, and has the minimum mean 
Squared prediction error in the class of all linear unbiased 
predictors. 

Let's Start with assuming the linear model given by 
Equation 20. For predicting the block means S,(A), i=0,1, 
2, the best linear unbiased predictor (BLUP) is obtained by 
minimizing 

ES,(A)-co'y', 46 

Subject to the unbiasedness condition 

ES,(A)=E (co'y), 47 

for i=0, 1,2. 
Now, using Model 20 and Equation 45), for i=1, 2, 

Equation 47 can be written as, 

1 

A. 
48 

w(s)oids + xf3 = co, X6. 48 
A. 

and, for i=0, Equation 47 can be written as, 

1 4 
w(s)aids + xf3 - 49 A ?w; sods - xf32 = (oX6. A. A. 

In general, using the definition of the vector-valued func 
tion w(s), i=0, 1, 2, from 34), Equations 48 and 49 can 
be combined into a single equation as 

for i=0, 1, 2, where 

51 

, and uto 

To satisfy the condition of unbiasedness, Equation 50 
must be true for every possible 0, which yields 

52 

for i=0, 1, 2. 
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The vectors in Equations 51 are approximated by, 

1 O 53) 
n X. W11 (Sp) 
A is, : 

: O 

1 O 

IX wa (sp) 1 
it a peSA u2 s na X. W21(Sp) 

W0 peSA 

O 

: 1 X. (Sp) W2a (Sp 
O iA peSA 

O X02 

and uto & 

where SA has been defined before. 

Now, using 20, 45 and 51, the mean Square predic 
tion error 46 can be written as, 

1 2 (54) EIS,(A) - coy = E40+ Z(s)ds-o(X0+ Dr +2+s) A. 

for i=0, 1, 2. 

Let S define the N- Vector 

Ö=(611,812, . . 61821,622. . . . ,62) S 
1 

d = Dr + 3 +s and let Z. (A) = Z, (S) as for i = 0, 1, 2. 
AJA 

54 can be written as 

for i=0, 1, 2. 

Evaluating the expectation in 55 requires the evaluation 
of covZ,(A),ö, which can be approximated as 
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56 W, X cov(Z(sp), oil 
peSA 

1 N. X cov(Z(sp), oil 
peSA 

N 
A. peSA 

1 NX cov(Z(sp), oz.) 
peSA 

for i=0, 1, 2. 
Now, since cov(Z, e)=0 and cov(Z, r)=0, the vector in 56 

can be written as, 

1 57 

NX cov(Z(s), A(s)) 57 peSA 

1 
N 

c; = covZ (A), d as 

X. Cov(Z(sp), Z (Sn) 
peSA 

1 
NA X. CovZi (sp), Z2(S1) 

peSA 

1 
X. Cov(Z(sp), Z2 (Sn) N 

A. peSA 

for i=0, 1, 2. 
Evaluating the expectation in Equation 55 also requires 

evaluation of C.(A., A)=varZ,(A) which can be approxi 
mated as 

1 58 C (A.A) is X, X cov(Z(sp), Z(s)), 58 
na pe SA geSA 

for i=0, 1, 2. Now, since 

which can be approximated by 

i2. Z (Sp), 
peSA 

we note that 

2 

EZ (A) = E i X, Z (sp) 
peSA 

X. X. EZ (S)Z(s) 
it. pe SA geSA 

X, X cov(Z(sp), Zsa) 
n pe SA geSA 
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-continued 
= C(A., A) 

since EZ,(s)=0 for any peSA and i=0, 1, 2. Therefore, the 
mean Squared prediction error in 55 can be written as 

EZ,(A) - cool = EZ (A) -2Z,(A)co; 0 + (ooo'coil 59 

= EZ (A) - 2co, EZ (A)0+ co, E(00').co; 
= C, (A, A) - 2coci + (o) coi, 

for i=0, 1, 2. Now, adding a Lagrange multiplier m, for the 
unbiasedness condition given by Equation 52), Equation 
59 can be written as, 

L(com)=C(AA)-20'c-co'Xo-2(u'-o'X)n, 60 

for i=0,1,2. Differentiating 60 with respect to co, and m 
yields 

ÖL(coi, mi) 61 

Setting the two partial derivatives in 61 and 62 equal 
to Zero and then Solving them Simultaneously minimizes the 
mean Square prediction error in 59 Subject to the unbi 
asedness condition given by 52 and yields the best linear 
unbiased predictor (BLUP) of varietal performance (or 
performance difference) over a region A as follows. The 
block prediction (cokriging) equations are, 

( )-(...) 
for i=0, 1, 2. The solution to Equation 63 for (), is given 
by 

63 

for i=0, 1, 2. The predictor of varietal performance (or 
performance difference) over a region A is therefore given 
by, 

for i=0, 1, 2. Substituting the solution for (), from 64 into 
the expression 59 provides an expression for the mean 
Squared prediction error or prediction variance as, 

var|S,(A) = C(A., A) - 2coci + coX X (c; - xm. 66 
= C, (A, A) - 2coci + co-co, Xm; 

= C, (A, A) - (oci - co, Xm; 

= C, (A, A) - (occi + Xmi), 

for i=0, 1, 2. Substituting the solution for co, from Equation 
64 into the equation X'o-ui obtained from the lower half 
of the matrix equation 63 provides an expression for the 
Lagrange multipliers m, as, 

5 
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for i=0, 1, 2. 
We now consider the case of point prediction or point 

cokriging. Notice that a special case of Equation 45 is 
when region A is a single point, Say So, i.e., S.(So)=xof,+ 
w(So)C+Z,(so), i=1, 2. The goal now is to make point 
prediction at So, i.e., predict S (so), S(So) and So(So)=S 
(So)-S(so), by Some linear combination of the data, say, 
coy. In other words, the point predictors are given by, 

S.(so)=(o"y, 68 

for i=0, 1, 2, where the vector of cokriging weights (of 
needs to be determined. Similar to Equation 64), the vector 
of weights () is given by the equation, 

where the vector c is similar to the vector c, defined for 
block prediction in 57 and the vector of Lagrange multi 
pliers m is similar to the vector m defined for block 
prediction in 67). The vectors c, and m are therefore 
given by 

CovZ, (so), Z (S1) (70) 

covZ, (so), Z (Sn) 
C = Cov(Z(so), Ols cov(Z(s), Z(s) 

covZ, (So), Z:(s, ) 

and, 

m*=(XXX) (XX, c*-u), 71 

for i=0, 1, 2. In Equation 71, the vectors u, i=0, 1, 2, are 
Similar to the vectors u, i=0, 1, 2, given in Equation 51 for 
the case of block prediction and are now defined as 

W11 (S) O W11 (S) (72) 

Wla (S) O W1a(s) 
s: Wol s: O s: Wol 

it = , it = and u = O w21 (S) -wl (S) 

O w2a(s) -W2a(s) 
O X02 -X02 

Finally, the prediction variance of the point predictor 
S(s) is obtained as in Equation 66 as 

The following examples are included to demonstrate 
Specific embodiments of the invention. It should be appre 
ciated by those of skill in the art that the techniques 
disclosed in the examples which follow represent techniques 
discovered by the inventors to function well in the practice 
of the invention, and thus can be considered to constitute 
Specific modes for its practice. However, those of skill in the 
art will, with the benefit of the present disclosure, appreciate 
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that many changes may be made in the Specific embodi 
ments which are disclosed and may still obtain a like or 
Similar result without departing from the Spirit and Scope of 
the invention. Example 1 should be read with reference to 
FIGS. 1-12, Summarized above in the Brief Description of 
Drawings Section. 

EXAMPLE 1. 

Comparison of Yield in Wide-area Testing of Two 
Zea mayS Varieties 

We begin with a demonstration of how the invention 
Works for wide-area comparison of yields of two varieties of 
Zea mays. The two varieties, named DK512 and DK527, 
were compared using three years of wide-area testing data, 
from 1996 to 1998. 

The first step of the process involved trimming the data by 
using the hat matrix 30 and Cook's distance 32). Loca 
tions were also visually inspected to remove any spatial 
clusters of outliers. After trimming, the acroSS-years Sample 
sizes for the two hybrids were n=445, n=389, for DK512 
and DK527, respectively. For combined data on both 
hybrids, the across-years sample size was N=834. By-year 
Sample sizes are given in the following table. 

TABLE 1. 

Year Hybrid No. of Samples 

1996 DK512 141 
DK527 113 

1997 DK512 150 
DK527 155 

1998 DK512 154 
DK527 121 

The next step of the process involved the fitting of the 
mixed model as given in 20). The fixed effects X0 in 20 
are given in 23), without the 1 for the intercept term, for 
both hybrids. Thus the B and B components of the 0 vector 
24), each have dimension 9x1. In vector 0, the C. and C. 
components are 3x1. Sub-vectors with intercept parameters 
for each of the three years, 1996 to 1998. Thus, X, i=1,2, in 
22 is nix12 and X in 21 is an Nx24 matrix. For the 
variance covariance matrix in 26), we used the coregion 
alization model given in 15 with M=2, where f(h;Y) and 
f(h;Y) were both spherical models given in 12. A model 
with a separate nugget effect for each variable is given in 
27). Using the coregionalization model with nugget effect, 
and a random effect for location, as described in the para 
graph preceding Equation 25, the variance-covariance 
model for all of the data is given in 28). 
The next step is to estimate the fixed effects parameters 

and the covariance parameters. The variance-covariance 
parameters were estimated by minimizing the REML equa 
tion given in 19. The estimated parameters are given in the 
following table. 

TABLE 2 

Equation 
Parameter Estimate References 

o 59.6 27.28 
o 57.6 27.28 
(p11° 144.6 1528 
(p. 108.3 1528 
r1 O.941 1528 
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TABLE 2-continued 

Equation 
Parameter Estimate References 

91. O.OSO 12,15,28 
(p12. O.307 1528 
(p.” 36.1 1528 
r2 O.999 1528 
92 O.O12 12,15,28 
oo 367.6 25,28 

After obtaining the parameter estimates, the model was 
used to generate both spatial predictions and Spatial esti 
mates of the yield difference between the two hybrids. 
Spatial prediction and Spatial estimation of the yield differ 
ence were performed both for individual geographic loca 
tions (point prediction and estimation) and for geographic 
regions (block prediction and estimation). In addition to the 
Spatial procedures, the traditional Simple mean method was 
used for estimation of mean yield difference for geographic 
regions. (The geographic regions Selected for use in this 
example represent regions used in marketing of commercial 
varieties.) 

Recall that the goal of estimation is to determine the 
long-term average yield difference for the two varieties. The 
goal of prediction is to determine the average yield differ 
ence for the two varieties in Specific years and/or at Specific 
locations. For this reason, Spatial estimation was done on an 
acroSS-years basis while Spatial prediction was done on a 
by-year basis. To provide a basis for comparison to the 
traditional mean method, the Simple mean analysis was 
conducted both for by-year and across-years analyses. (The 
acroSS-years Simple mean method was based on the pooled 
data from all three years.) 

Block estimates of the acroSS-year average yield differ 
ences for the market districts were obtained from 40, using 
the parameter estimates in Table 2 and o(s) in 37), with 
X=X=(1/3,1/3,1/3)'. (Setting X=X=(1/3,1/3,1/3)' Simply 
provides equal weighting of all three years in the 
estimation.) In using 40 to get the block estimates, a dense, 
regular grid of points was produced for each market district, 
{s}eA, where A is a market district. Additionally, the 
estimated value in 40 was assumed to have a standard 
normal distribution when divided by its standard error, the 
Square-root of 41, call this the Z-Statistic. If the Z-Statistic 
was less than -1.96 or greater than 1.96, it was assumed to 
be significant at the C=0.05 level for the null hypothesis of 
no difference between the two hybrids. 

Block predictions of the by-year average yield differences 
for the various market districts were obtained from 65), 
using the parameter estimates in Table 2, and uo in 53). In 
using 53), both Xio and Xo were set equal to (1,0,0)', 
(0,1,0)', or (0,0,1)', for 1996, 1997, and 1998, respectively. 
The block prediction procedure was similar to the block 
estimation procedure in the use of the dense, regular grid of 
points for each market district, as well as in the computation 
and use of the Z-Statistic for determination of Statistical 
Significance. In the computation of the Z-Statistic for block 
prediction, the predicted value in 65 was assumed to have 
a standard normal distribution when divided by its standard 
error, the Square-root of 66. 

Next we will consider point estimation and point predic 
tion of the yield difference between the two varieties. Point 
estimation and prediction were both performed on a 25x25 
rectangular grid which bounded the area where the collec 
tion of data from each of the hybrids occurred. The collec 
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tions of point estimates and predictions over the 25x25 grid 
form the trend surfaces for the yield difference, which can be 
used to study the variation in yield difference over the 
geographic area where the hybrids were tested. 

The across-years point estimation used 43 to compute 
the yield difference, uto(So), on the 25x25 grid discussed 
above. For determination of Statistical Significance, prob 
ability of rejecting a true null hypothesis of no difference 
between the hybrids were found by taking 

where vara (so) is given in 44) and d() is the cumulative 
distribution function of a Standard normal random variable. 

The by-year point prediction used 68 to compute the 
yield difference, So(so), on the 25x25 grid discussed above. 
For determination of Statistical significance, probability of 
rejecting a true null hypothesis of no difference between the 
hybrids was found by taking 

where varSo(s)) is given in 73) and, as before, d()is the 
cumulative distribution function of a Standard normal ran 
dom variable. 

The results of all of the above analyses are presented 
graphically in FIGS. 1-12. There are two types of graphs, 
one a contour plot, the other a choropleth map. A choropleth 
map is a two dimensional color map showing variation of a 
variable value with respect to an area. 

In the contour plots, contours are presented for both the 
yield difference at three levels (-5, 0, and +5 bushels/acre) 
and for the statistical significance level at four levels (5% 
and 20% for both positive and negative yield difference). 
Also shown on the contour plots are the testing locations for 
the two hybrids and market district boundaries and names. 

In the contour plots, Solid contour lines represent yield 
difference and dashed contour lines represent Significance 
level. AS with any contour plot, the relation of the lines 
representing different levels of the same variable (e.g., yield 
difference) is used to determine the general form of the 
Surface. For example, for yield difference, a transect cutting 
across red, blue, and green Solid lines (in that order) is 
moving up the yield difference surface from -5 to 0 to +5 
bushelS/acre, respectively. 

The relation between the contour lines for yield difference 
and Significance level is used to determine geographic areas 
where Significant yield difference occur, at the various levels 
of yield difference and Statistical Significance. For example, 
an area enclosed by a green dashed line falling within an 
area enclosed by a green Solid line, which again falls within 
an area enclosed by a blue Solid line identifies an area where 
there is a statistically significant yield difference (at signifi 
cance level 0.05) that is greater than +5 bushels/acre. 

The other type of graphic, i.e., the choropleth map, shows 
the average yield difference within each of a number of 
geographic regions (market districts) for the two hybrids. 
Patterns on the choropleth map indicate both the level of 
yield difference (less than -5, between -5 and +5, and 
greater than +5 bushels/acre) and whether the difference is 
statistically significant at the 5% level. 

Choropleth maps and contour plots are generated for the 
spatial prediction method (by-year only, 1996 to 1998) and 
the Spatial estimation method (across-years only). Contour 
plots are not appropriate for the Simple mean method, So 
only choropleth maps (both by-year and across years) are 
generated. For consistency, the yield difference is presented 
for a market district in the choropleth maps only if there is 
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at least one testing location in that district that included both 
of the hybrids. (Recall that the simple mean method requires 
location-matched data.) 

For comparison of the traditional Simple mean method to 
the Spatial methods, the by-year maps for the Simple mean 
method can be compared to the by-year block prediction 
maps and the acroSS-years map for the Simple mean method 
can be compared to the acroSS-years map for the block 
estimation method. 

EXAMPLE 2 

Validation Studies 

To demonstrate the efficacy of the present invention in 
terms of its application to the performance assessment of 
crop varieties, three validation Studies were undertaken. 
Separate Sets of validation Studies were conducted for the 
two components of the invention: estimation, and predic 
tion. Recall from Example 1 that each of these two compo 
nents again consists of two parts: (a) a point estimation (or 
prediction) part which is used for the construction of the 
estimation (or prediction) Surface map with contours, and 
(b) a block estimation (or block prediction) part which was 
used in the example for construction of the market district 
choropleth maps by mapping the estimated mean value of 
each district. 

We begin with the validation studies conducted for pre 
diction. First, we discuss the validation Study for point 
prediction or point kriging. The basis for this study was a 
cross-validation (Cressie, 1993, p. 101) using real data from 
Monsanto corn research system on two DEKALB corn 
hybrids, DK512 and DK527, for the years 1996 through 
1998. Cross-validation was used as a diagnostic check for 
the prediction quality of the, estimated model for the two 
hybrids. CroSS-Validation is a procedure where the basic idea 
is to delete each datum one at a time, and then use the rest 
of the data to predict the datum that was removed. This is a 
popular approach for assessing geostatistical methods of 
estimation and prediction. In the croSS-Validation runs, each 
of the 834 data records was removed one at a time, and then 
the removed datum was predicted using our procedure. Note 
that here we will want to predict the random variables 
Y(So);i=1,2, which is one of the observed values removed 
from the data set. We do not want to predict the Smooth 
values S,(So);i=1,2, which have the error term associated 
with the nugget effect removed. We have used the cokriging 
predictors, using covariance, as described in Cressie (1993, 
p. 138). 
The following five statistics were calculated from the 

croSS-Validation Study. 
1. The mean-squared prediction error (MSPE), calculated 

as the average of the quantity, Y(so)-Y(s), where Y(s) 
is the predicted value of the removed datum, and Y(s) is the 
observed value. 

2. The average estimated prediction variance (Cressie, 
1993, p. 140, Eqn. 3.2.52). 

3. The proportion of times the 80% prediction interval 
contains the true value. 

4. The standardized bias: IY,(so)-Y.(so))/se(Y,(so)), 
(Cressie, 1993, p. 102, Eqn. 2.6.15). 

5. The standardized MSPE, which is computed as the 
square root of the average of the quantity Y(s)-Y(s)/ 
var(Y(s)). 

In construction of the prediction interval, the lower bound 
of the prediction interval was calculated as Y(so)-128* 
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se(Y(so)), and the upper bound was calculated as Y(so)+ 
1.28*se(Y(s)). Here, se(Y(s)) is the prediction standard 
error, which is computed as the Square-root of the estimated 
prediction variance (Cressie, 1993, p. 140, Eqn. 3.2.52). 

The above Statistics were Summarized acroSS all three 
years. In the following the results of the croSS-Validation 
Study are Summarized, in terms of what is desirable to 
Support the invention and what was actually observed. 

a. MSPE (statistic 1) and the average estimated prediction 
variance (statistic 2) should be close to each other. The 
cross validation study produced 269.1 and 297.9, 
respectively for those two Statistics. 

b. Prediction intervals (statistic 3) should have close to 
nominal (80%) coverage. The average coverage from 
the study was 82.7%. 

c. The standardized bias (statistic 4) should be close to 
Zero. The computed Standardized bias from the Study 
was -0.021. 

d. The standardized MSPE (statistic 5) should be close to 
1. The standardized MSPE from the study was 1.049. 

AS one can See, the results from the croSS Validation are 
very close what are theoretically desirable. In other words, 
the validation results Support the claim that the proposed 
model 20 as point prediction tool is performing to one's 
expectation. 

The validation Study for the block kniging component of 
the present invention was also based on real data analysis of 
corn hybrid yield. The basis for this validation was a 
comparison of this component with the traditional method. 
Recall that in the traditional method, the simple mean of all 
location-matched head-to-head variety difference data com 
ing from a region is used to predict the mean of the region. 
We shall refer to this method as the MEAN method. The 
steps involved in the validation runs were as follows: 
1. Select a pair of corn hybrids with adequate overlap of data 

acroSS the country. 
2. Take all the location matched head-to-head difference data 

for that pair of hybrids. This will be called the “original 
population data'. 

3. Construct a rectangle interior to the Spatial extent of the 
original population data. We Shall call this rectangle “the 
prediction rectangle,” for which we shall construct the 
mean predicted value. 

4. Use the mean of all original population data inside the 
prediction rectangle to represent the “true mean' for the 
rectangle. 

5. Randomly choose 50% of the original population data. 
This represents the “sample data” available for analysis. 

6. Use the mean of the sample data falling within the 
prediction rectangle to represent the predicted mean of the 
rectangle from the MEAN method. 

7. Use all of the Sample data (in and outside the prediction 
rectangle) and apply universal block kriging component 
from the present invention to predict the mean of the 
prediction rectangle. This represents the value from block 
prediction. 

8. Compute the Squared difference between the true mean 
from Step 4 and each of the two predicted means from Step 
6 and 7. 

9. Repeat all of the above steps for several pairs of hybrids. 
10. Compute mean squared prediction errors (MSPE) for the 
MEAN method and the block kriging method using the 
Squared differences from Step 8 acroSS all pairs of hybrids. 
Data from 12 pairs of corn hybrids from the Monsanto 

(DEKALB) research system were used for this validation 
study. The results of the study showed that the MSPE for the 
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block kriging method was 36% lower than the MSPE for the 
MEAN method. Note that MSPE is a direct measure of 
prediction error and therefore, lower MSPE corresponds to 
higher accuracy of prediction. 

Finally, we discuss the validation study which was under 
taken for the estimation component of the present invention. 
The analysis was based on an extensive Simulation Study, 
which used both real and Simulated data in a unique way as 
will be described below. First, recall that the estimation 
component of the invention is based on generalized least 
Square (GLS) procedure, which is an improvement over the 
more traditional ordinary least Square (OLS) procedure. 
Unlike GLS procedure, OLS ignores the spatial auto 
correlation in the data and only models the large Scale trend. 
This validation Study was planned to compare three distinct 
methods: (a) GLS method, (b) OLS method, and (c) the 
traditional MEAN method. The traditional MEAN method, 
in the context of variety comparison, consists of simply 
computing the mean of location-matched head-to-head dif 
ferences for the two varieties under consideration. One of 
the major objectives of this validation Study was to see if 
there are incremental benefits, first in going from MEAN 
method to OLS method and then in going from OLS to GLS 
method. 
The following provides a Step by Step description of the 

validation procedure. 
1. Choose a year (from 1994, 1995, or 1996) and a pair of 

corn hybrids close in relative maturity (RM). Take all 
research trial data for the two hybrids regardless of 
location matching. 

2. Trim the data for Spatial outliers and enclose the trimmed 
data by a rectangular box. We shall call this the data 
rectangle. This will represent the sample data available for 
analysis. 

3. Within the data rectangle, construct another inner rect 
angle extending from 1/3 to 2/3 of the range of the data 
in both east-west and north-South direction. We shall 
name this rectangle the estimation rectangle. This is the 
rectangle for which we shall conduct estimation. 

4. Fit a separate cubic polynomial trend Surface to each 
hybrid using all observations in the data rectangle. This 
model fitting is done via GLS by fitting a spherical 
covariance model (see Background of the Invention 
Section) to the residual covariance of each hybrid and then 
using an estimated nugget effect common to both hybrids. 
Note that no cross-covariance was assumed between the 
two hybrids. 

5. Compute the estimate of the means of the trend surface 
over the estimation rectangle for both hybrids and their 
difference (i.e., the difference in the two fitted trend 
Surfaces). We shall call these the original estimates. 

6. Compute auto-correlation for each hybrid and croSS 
correlation between the two hybrids for Euclidean dis 
tances 0.01 and 0.05 (corresponding to approximately 40 
and 200 miles, respectively). 

7. Simulate data for each hybrid on a 0.01 grid over the data 
rectangle using the estimated parameters of the respective 
trend Surfaces and covariance parameters as well as the 
nugget effect from StepS 4. 

8. Generate two Sine waves with random amplitudes and 
frequencies in both X- and y-directions. For the first Sine 
wave, the mean and the Standard deviation of the ran 
domly generated frequency is 100 and 5, respectively, 
whereas for the second sine wave they are 17 and 3, 
respectively. Similarly, for the first Sine wave, the mean 
and the Standard deviation of the randomly generated 
amplitude is 4 and 2, respectively, whereas for the Second 



US 6,662,185 B1 
33 

sine wave they are 3 and 1, respectively. (Note that the 
addition of the Sine waves into the Simulated data is meant 
to introduce Some Systematic variation not easily fit by the 
cubic model. The resulting data now is equal to the cubic 
Surface plus the Sine waves plus the auto-correlated 
random errors.) 

9. Using the cubic surface parameters (fitted through GLS in 
Step 4) and the parameters of the Sine waves (from step 8) 
compute the “true' value of the mean of the two hybrids 
and their difference over the estimation rectangle. These 
true means will be used for computing biases of the 
estimates and coverage of confidence intervals computed 
in the following StepS. 

10. Drop, at random, 40% of the data points independently 
for each hybrid to create artificial non-matching of the 
two hybrids at the grid points. 

11. Compute the average of the hybrids and their difference 
using the Simulated values within the estimation rectangle 
from only the grid points where both values exist. This 
will be called the MEAN estimate. 

12. Use OLS to estimate the mean (over the estimation 
rectangle) of the two hybrids and their difference by fitting 
cubic polynomials (different polynomials for the two 
hybrids) to all Sampled values inside and outside the 
estimation rectangle (i.e., using the entire data rectangle) 
and assuming independence of residuals but different 
residual variances for the two hybrids. This provides the 
OLS estimate. 

13. Use GLS to estimate the mean (over the estimation 
rectangle) of the two hybrids and their difference using all 
Sampled values inside and outside the estimation rect 
angle (i.e., using the entire data rectangle) by fitting cubic 
polynomials (different for each hybrid) and a spherical 
covariance structure (different for each hybrid) with a 
nugget effect and a cross-correlation parameter for the 
residuals. This provides the GLS estimate. 

14. Construct 80% confidence intervals for the true mean 
using (i) MEAN estimate, (ii) OLS estimate, and (iii) GLS 
estimate, and their respective Standard errors. Make a note 
of whether the confidence interval covers the true mean 
obtained from step 9. Also, for each of the above three 
estimates, compute the bias with respect to the true mean. 

15. Repeat steps 7 through 14 one hundred times. This is the 
number of Simulations. 

16. Using the estimates coming from all 100 Simulations, 
compute the standard deviation for (a) MEAN estimate of 
the mean, (b) OLS estimate of the mean, and (c) GLS 
estimate of the mean. Also compute the average bias for 
each of the three estimates by taking the average (across 
all 100 simulations) of the biases obtained in step 14. 

17. For each of MEAN, OLS, and GLS methods, compute 
the percentage of times (out of 100 Simulations) the 
confidence interval covers the true mean. 

18. Repeat all of the above steps for 27 pairs of hybrids 
covering a wide range of RM's and for data from all three 
years, 1994, 1995, and 1996. 
Remark: AS mentioned before, this validation procedure 

combines analysis of real data and Simulation in a unique 
manner in that real data from each pair of corn hybrids are 
first used to get the trend and correlation parameters, which 
are then used to generate data for the Simulation Studies. 
Note that the reason real data could not be exclusively used 
for this validation Study is that the procedure requires the 
“true” mean for computation of the percentage of coverage 
and bias as described above in Step 14. 
The results of the validation study are summarized below. 

1. Gain in precision, as measured by the Standard deviation, 
while going from MEAN method to GLS method was 
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37%. This gain was equally divided between going from 
MEAN to OLS and then from OLS to GLS. 

2. Percent of times the true mean was covered by the 80% 
confidence interval was very close to nominal for GLS 
method (77%), whereas it was substantially lower than 
80% for MEAN and OLS methods (46% for MEAN and 
56% for OLS method). 

3. For Mean and OLS methods, the study revealed gross 
under-estimation of the true Standard error, which implies 
too many false rejections of the null hypothesis of no 
difference, i.e., a conclusion that variety difference exists 
when there truly is no difference between the varieties. 

Conclusion 

Results from all three validation studies jointly demon 
Strate the efficacy of the present invention in Spatial estima 
tion and Spatial prediction of performance of crop varieties. 
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What is claimed is: 
1. A method for assessing wide-area performance of two 

or more crop varieties using a linear mixed model that 
incorporates geostatistical components and includes param 
eters for fixed effects, random effects and covariances, the 
method comprising: 

constructing a wide-area database that includes Spatial 
coordinates of testing locations of two or more crop 
Varieties, performance trait values of two or more crop 
Varieties at their respective testing locations and Spatial 
coordinates of other geographic locations for assessing 
performance of two or more crop varieties, 

constructing a linear mixed model for the data in the 
wide-area database that includes modeling the large 
Scale performance of each of the two or more crop 
Varieties by fixed effect trend Surfaces, modeling Spatial 
autocovariance among the random error components of 
each of the two or more crop varieties and modeling 
Spatial croSScovariances of random errors among the 
two or more crop varieties in a multivariate coregion 
alization model; 

estimating the parameters for the fixed effects, random 
effects and covariances by fitting the linear mixed 
model with data in the wide-area database; and 

estimating long-term expected performance of any of the 
two or more crop varieties for any of the one or more 
geographic locations using the pamtr estimates. 

2. The method of claim 1, wherein the database further 
includes covariate data. 

3. The method of claim 2, wherein the covariate data 
comprises one or more fixed effects. 

4. The method of claim 1, wherein the estimating long 
term expected performance comprises estimating long-term 
expected performance differences between the two or more 
crop varieties. 

5. The method of claim 4, wherein the estimating the 
long-term expected performance differences between two or 
more crop varieties comprises estimating the difference in 
the fixed effect trend surfaces for the two or more crop 
varieties and the associated variance of the difference. 

6. The method of claim 5, further comprising forming an 
output of the long-term expected performance difference. 

7. The method of claim 6, wherein the output comprises 
text output. 



US 6,662,185 B1 
37 

8. The method of claim 6, wherein the output comprises 
graphical output. 

9. The method of claim 8, wherein the output comprises 
a contour plot representing a continuous Surface of long 
term expected performance difference and its Statistical 
Significance. 

10. The method of claim 9, wherein the output comprises 
text output. 

11. The method of claim 10, wherein the method of 
universal cokriging comprises modeling a fixed effect trend 
Surface for any of the two or more crop varieties and a 
corresponding random Surface using a multivariate core 
gionalization model with autocorrelation within each variety 
and croSScorrelation among varieties and estimating the 
prediction variance. 

12. The method of claim 9, wherein the output comprises 
graphical output. 

13. The method of claim 8, further comprising forming an 
output of the long-term expected performance difference. 

14. The method of claim 1, wherein the estimating the 
parameters for covariances comprises a method of restricted 
maximum likelihood. 

15. The method of claim 1, wherein the estimating the 
parameters for the fixed effects comprises the method of 
generalized least Squares. 

16. The method of claim 1, wherein the database further 
includes geographic regions for assessing performance of 
the two or more crop varieties, each geographic region 
containing a plurality of geographic locations. 

17. The method of claim 16, further comprising: 
estimating long-term expected performance of any of the 

two or more crop varieties for any of one or more 
geographic regions using the p estimates. 

18. The method of claim 1, further comprising forming an 
output of the long-term expected performance. 

19. The method of claim 18, wherein the output comprises 
text output. 

20. The method of claim 18, wherein the output comprises 
graphical output. 

21. The method of claim 20, wherein the output comprises 
a contour plot representing a continuous Surface of long 
term expected performance. 

22. The method of claim 1, wherein the constructing the 
linear mixed model further comprises modeling testing 
location as a random effect. 

23. The method of claim 1, wherein the estimating the 
long-term expected performance comprises estimating the 
value of the fixed effect trend Surface and its associated 
variance of any of the two or more crop varieties. 

24. The method of claim 1, wherein Some of the covariate 
data include fixed effects for year, and further comprising 
predicting the performance of any of the two or more crop 
varieties for any of the one or more geographic locations and 
for any of the one or more time periods using the parameter 
estimates. 

25. A method for assessing wide-area performance of two 
or more crop varieties using a linear mixed model that 
incorporates geostatistical components and includes param 
eters for fixed effects, random effects and covariances, the 
method comprising: 

constructing a wide-area database that includes Spatial 
coordinates of testing locations of two or more crop 
Varieties, geographic regions for assessing performance 
of two or more crop varieties, each geographic region 
containing a plurality of geographic locations and per 
formance trait values of two or more crop varieties at 
their respective testing locations, 
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constructing a linear mixed model for the data in the 

wide-area database that includes modeling the large 
Scale performance of each of the two or more crop 
Varieties by fixed effect trend Surfaces, modeling Spatial 
autocovariance among the random error components of 
each of the two or more crop varieties and modeling 
Spatial croSScovariances of random errors among the 
two or more crop varieties in a multivariate coregion 
alization model; 

estimating the parameters for the fixed effects, random 
effects and covariances by fitting the linear mixed 
model with data in the wide-area database; and 

estimating long-term expected performance of the two or 
more crop varieties for any of the one or more geo 
graphic regions using the parameter estimates. 

26. The method of claim 25, wherein the database further 
includes covariate data. 

27. The method of claim 26, wherein the covariate data 
comprises one or more fixed effects. 

28. The method of claim 25, wherein the estimating 
long-term expected performance comprises estimating long 
term expected performance differences between the two or 
more crop varieties. 

29. The method of claim 28, wherein the estimating the 
long-term expected performance differences between two or 
more crop varieties comprises estimating the difference in 
the fixed effect trend surfaces for the two or more crop 
varieties and the associated variance of the difference. 

30. The method of claim 25, wherein the estimating the 
parameters for covariances comprises a method of restricted 
maximum likelihood. 

31. The method of claim 25, wherein the estimating the 
parameters for the fixed effects comprises the method of 
generalized least Squares. 

32. The method of claim 25, further comprising forming 
an output of the long-term expected performance. 

33. The method of claim 32, wherein the output comprises 
text output. 

34. The method of claim 32, wherein the output comprises 
graphical output. 

35. The method of claim 34, wherein the output comprises 
a choropleth map representing the long-term expected per 
formance for any of the one or more given geographic 
regions. 

36. The method of claim 25, wherein the constructing the 
linear mixed model further comprises modeling testing 
location as a random effect. 

37. The method of claim 36, wherein the output comprises 
a choropleth map representing the long-term expected per 
formance difference and its Statistical significance. 

38. The method of claim 37, further comprising forming 
an output of the predicted performance difference. 

39. The method of claim 38, wherein the method of 
universal block cokriging comprises modeling a fixed effect 
trend Surface for any of the two or more crop varieties and 
a corresponding random Surface using a multivariate core 
gionalization model with autocorrelation within each variety 
and croSScorrelation among varieties and estimating the 
prediction variance. 

40. The method of claim 25, wherein the estimating the 
long-term expected performance comprises estimating the 
average value of the fixed effect trend Surface acroSS all 
geographic locations within each of the one or more geo 
graphic regions, and the variance of the average value for 
any of the two or more crop varieties. 

41. The method of claim 25, wherein some of the cova 
riate data include fixed effects for year, and further com 
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prising predicting the performance of any of the two or more 
crop varieties for any of the one or more geographic loca 
tions and for any of the one or more time periods using the 
parameter estimates. 

42. The method of claim 41, wherein the output comprises 
text output. 

43. The method of claim 41, wherein the output comprises 
graphical output. 

44. The method of claim 43, further comprising forming 
an output of the predicted performance difference. 

45. A method for assessing wide-area performance of two 
or more crop varieties using a linear mixed model that 
incorporates geostatistical components and includes param 
eters for fixed effects, random effects and covariances, the 
method comprising: 

constructing a wide-area database that includes Spatial 
coordinates of testing locations of two or more crop 
varieties, performance trait values of two or more crop 
varieties from one or more time periods at their respec 
tive testing locations and Spatial coordinates of other 
geographic locations for assessing performance of two 
or more crop varieties, 

constructing a linear mixed model for the data in the 
wide-area database that includes modeling the large 
Scale performance of each of the two or more crop 
varieties by fixed effect trend Surfaces, modeling spatial 
autocovariance among the random error components of 
each of the two or more crop varieties and modeling 
Spatial croSScovariances of random errors among the 
two or more crop varieties in a multivariate coregion 
alization model; 

estimating the parameters for the fixed effects, random 
effects and covariances by fitting the linear mixed 
model with data in the wide-area database; and 

predicting the performance of two or more crop varieties 
for any of one or more geographic locations and for any 
of one or more time periods using the parameter 
estimates. 

46. The method of claim 45, wherein the estimating the 
parameters for covariances comprises a method of restricted 
maximum likelihood. 

47. The method of claim 45, wherein the database further 
includes covariate data. 

48. The method of claim 47, wherein the covariate data 
comprises one or more fixed effects. 

49. The method of claim 45, wherein the predicting 
performance comprises predicting performance difference 
between the two or more crop varieties and its associated 
variance. 

50. The method of claim 49, wherein predicting the 
performance difference comprises the method of universal 
cokriging applied to the difference of the two or more crop 
varieties. 

51. The method of claim 45, wherein the database further 
includes geographic regions for assessing performance of 
the two or more crop varieties, each geographic region 
containing a plurality of geographic locations. 

52. The method of claim 51, further comprising: 
predicting the performance of any of the two or more crop 

varieties for any of one or more given geographic 
regions and for any of the one or more given time 
periods using the parameter estimates. 

53. The method of claim 45, further comprising forming 
an output of the predicted performance. 

54. The method of claim 53, wherein the output comprises 
text output. 
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55. The method of claim 53, wherein the output comprises 

graphical output. 
56. The method of claim 55, wherein the output comprises 

a contour plot representing a continuous Surface of the 
predicted performance. 

57. The method of claim 45, wherein the constructing the 
linear mixed model further comprises modeling testing 
location as a random effect. 

58. The method of claim 45, wherein the estimating the 
parameters for the fixed effects comprises the method of 
generalized least Squares. 

59. The method of claim 58, wherein the output comprises 
a contour plot representing a continuous Surface of the 
predicted performance difference and its Statistical signifi 
CaCC. 

60. The method of claim 59, wherein the output comprises 
text output. 

61. The method of claim 59, wherein the output comprises 
graphical output. 

62. The method of claim 45, wherein the predicting 
performance comprises the method of universal cokriging 
applied to any of the two or more crop varieties. 

63. A method for assessing wide-area performance of two 
or more crop varieties using a linear mixed model that 
incorporates geostatistical components and includes param 
eters for fixed effects, random effects and covariances, the 
method comprising: 

constructing a wide-area database that includes Spatial 
coordinates of testing locations of two or more crop 
Varieties, geographic regions for assessing performance 
of two or more crop varieties, each geographic region 
containing a plurality of geographic locations, and 
performance trait values of two or more crop varieties 
from one or more time periods at their respective 
testing locations, 

constructing a linear mixed model for the data in the 
wide-area database that includes modeling the large 
Scale performance of each of the two or more crop 
Varieties by fixed effect trend Surfaces, modeling Spatial 
autocovariance among the random error components of 
each of the two or more crop varieties and modeling 
Spatial croSScovariances of random errors among the 
two or more crop varieties in a multivariate coregion 
alization model; 

estimating the parameters for the fixed effects, random 
effects and covariances by fitting the linear mixed 
model with data in the wide-area database; and 

predicting the performance of two or more crop varieties 
for any of one or more geographic regions and for any 
of one or more time periods using the parameter 
estimates. 

64. The method of claim 62, wherein the estimating the 
parameters for covariances comprises a method of restricted 
maximum likelihood. 

65. The method of claim 63, wherein the database further 
includes covariate data. 

66. The method of claim 65, wherein the covariate data 
comprises one or more fixed effects. 

67. The method of claim 62, wherein the predicting 
performance comprises predicting performance difference 
between the two or more crop varieties and its associated 
variance. 

68. The method of claim 67, wherein predicting the 
performance difference comprises the method of universal 
block cokriging applied to the difference of the two or more 
crop varieties. 

69. The method of claim 62, further comprising forming 
an output of the predicted performance. 
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70. The method of claim 69, wherein the output comprises 
text output. 

71. The method of claim 69, wherein the output comprises 
graphical output. 

72. The method of claim 61, wherein the output comprises 
a choropleth map representing the predicted performance for 
any of the one or more given geographic regions. 

73. The method of claim 62, wherein the constructing the 
linear mixed model further comprises modeling testing 
location as a random effect. 

74. The method of claim 62, wherein the estimating the 
parameters for the fixed effects comprises the method of 
generalized least Squares. 

75. The method of claim 74, wherein the output comprises 
a choropleth map representing the predicted performance 
difference and its Statistical Significance. 

76. The method of claim 62, wherein the predicting 
performance comprises the method of universal block 
cokriging applied to any of the two or more crop varieties. 

77. A method for assessing wide-area performance of two 
or more crop varieties using a linear mixed model that 
incorporates geostatistical components and includes param 
eters for fixed effects, random effects and covariances, the 
method comprising: 

constructing a wide-area database that includes Spatial 
coordinates of testing locations of two or more crop 
Varieties, geographic regions for assessing performance 
of the two or more crop varieties, each geographic 
region containing a plurality of geographic locations, 
Spatial coordinates of other geographic locations for 
assessing performance of two or more crop varieties 
and performance trait values of two or more crop 
Varieties at their respective testing locations, 

constructing a linear mixed model for the data in the 
wide-area database that includes modeling the large 
Scale performance of each of the two or more crop 
varieties by fixed effect trend Surfaces, modeling spatial 
autocovariance among the random error components of 
each of the two or more crop varieties and modeling 
Spatial croSScovariances of random errors among the 
two or more crop varieties in a multivariate coregion 
alization model; 

estimating the parameters for the fixed effects, random 
effects and covariances by fitting the linear mixed 
model with data in the wide-area database; 
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estimating long-term expected performance of any of the 

one or more crop varieties for any of one or more 
geographic locations using the parameter estimates, 

estimating long-term expected performance of two or 
more crop varieties for any of one or more geographic 
regions using the parameter estimates, 

predicting the performance of two or more crop varieties 
for any of the one or more geographic locations and for 
any of one or more time periods using the parameter 
estimates, and 

predicting the performance of two or more crop varieties 
for any of the one or more geographic regions and for 
any of the one or more time periods using the parameter 
estimates. 

78. The method of claim 77, wherein the predicting 
performance comprises predicting performance differences 
between the two or more crop varieties and its associated 
variance. 

79. The method of claim 77, wherein the estimating the 
parameters for the fixed effects comprises the method of 
generalized least Squares. 

80. The method of claim 77, wherein the predicting the 
performance comprises the method of universal cokriging or 
universal block cokriging. 

81. The method of claim 77, wherein the estimating the 
parameters for covariances comprises a method of restricted 
maximum likelihood. 

82. The method of claim 77, wherein the estimating 
long-term expected performance comprises estimating long 
term expected performance differences between the two or 
more crop varieties. 

83. The method of claim 77, further comprising forming 
an output of the estimated long-term expected performance 
or the predicted performance. 

84. The method of claim 83, wherein the output comprises 
text output. 

85. The method of claim 83, wherein the output comprises 
graphical output. 

86. The method of claim 77, wherein the constructing the 
linear mixed model further comprises modeling testing 
location as a random effect. 

87. The method of claim 77, wherein the estimating 
long-term expected performance comprises estimating the 
value of the fixed effect trend Surface and its associated 
variance. 


